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Abstract

This paper introduces the first large-scale deep learning-based surrogate model for1

high-dimensional regression tasks in real-world mechanical engineering contexts.2

The model, comprising 43 million parameters, is trained on a custom in-house3

dataset, containing 2.8 billion data points from 31 million samples that are gener-4

ated entirely through easy-to-evaluate, physics-based simulations. Each sample5

consists of 26 scalar features and 64 scalar targets. This large-scale synthetic6

dataset enables the training of deep neural networks over exhaustive and realistic7

mechanical design spaces. It exhibits complex statistical characteristics, including8

zero inflation, mutually exclusive features, strong multicollinearity, and a mix of9

real- and integer-valued data. Despite the scale and complexity of the dataset, the10

model is trained using entry-level consumer-grade graphics cards, thereby demon-11

strating the practical viability of deep learning for regression tasks in mechanical12

engineering applications.13

1 Introduction14

Deep neural networks (DNNs) have achieved impressive results in classification tasks in natural15

language processing, computer vision, and speech recognition. However, their adoption for regression16

tasks, despite being equally fundamental and widely used in science and engineering, has been more17

limited. In many fields, classical methods such as support vector machines, Gaussian processes or18

random forests remain the standard [1–4]. In engineering applications, physics-based computational19

tools like Finite Element Analysis continue to dominate [5], primarily due to the scarcity of large, high-20

quality datasets needed to train deep models effectively. The early development of neural networks21

illustrates the central role of data and computational resources in enabling deep learning. Although22

Multi-Layer Perceptrons (MLPs) were proposed in the 1960s, the practical use of neural networks23

remained limited for decades, not due to theoretical shortcomings, but because key requirements24

were lacking: large labeled datasets, sufficient computational power, and effective training techniques.25

These limitations were only overcome in the 2010s with the rise of big data [6], GPU architectures26

for parallel computing [7, 8], and improvements such as more efficient weight initialization [9],27

activation functions [10], and optimizers [11]. To this day, many regression problems in science and28

engineering still suffer from limited data availability, which restricts the effectiveness of deep learning29

approaches. While some studies attempt to apply deep learning in these settings, they often lack the30

amount of data required to fully exploit the capacity of such models [12–14]. Inspired by the success31

of pre-training in data-rich domains like natural language processing, we propose here a similar32

strategy for regression in Mechanical Engineering. To this end, we rely on a fast-to-evaluate physics-33

based model to efficiently generate large volumes of virtual data, thereby allowing for a thorough34

pre-training across a broad and representative input space, which would typically correspond to the35
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design space of a mechanical system. This enables us to construct and train on a dataset comprising36

2.8 billion data points aggregated into 31 million samples, learning a high-dimensional mapping from37

26 input features to 64 targets.38

Even when neural networks are applied to regression tasks in engineering, they are often used with39

simplified architectures and training choices that limit their effectiveness. In many cases, the models40

consist of shallow networks with only a few layers and use outdated activation functions such as41

sigmoids [15–18]. This may be due to the limited data availability [19], which can make smaller and42

simple models appear sufficient [14, 20]. While these configurations were once common, substantial43

progress over the past decade has shown that deeper architectures with modern components, such as44

ReLU activations and better initialization schemes can significantly improve performance [10, 21].45

Misconceptions also persist in several fields, such as the belief that increasing the network depth46

degrades accuracy [16], even though this has been refuted both theoretically and empirically [22–24].47

Moreover, important approaches to improve and stabilize the training of the network such as GPU48

acceleration [16, 18] and applying regularization techniques like weight decay are often misused49

or underused [25], despite their widespread adoption [26]. These choices, while perhaps made for50

simplicity or due to the fact that the datasets are typically small, low in variability, and limited in51

feature richness, can prevent the training of DNNs that generalize well for engineering tasks such as52

design optimization.53

Recent methods such as Physics-Informed Neural Networks (PINNs) [25, 27–30] and multi-fidelity54

modeling [31, 32] attempted to address the data scarcity in scientific and engineering domains. PINNs55

incorporate a priori physics knowledge into the training by penalizing deviations from governing56

equations, which can help guide learning when the amount of data is limited. However, choosing57

appropriate physical constraints and weighting them against the data-based loss remains difficult and58

can introduce bias [33]. In our case, physical knowledge is already embedded in the training data59

itself, since it is generated by a physics-based model. Multi-fidelity methods, on the other hand, aim60

to combine easy-to-evaluate low-fidelity with high-fidelity datasets, but in practice, they are often61

limited to small amounts of low-fidelity data due to computational cost or modeling assumptions.62

As a result, the pre-training remains limited, and a high reliance is placed on scarce, high-fidelity63

samples to attempt to achieve good generalization. To address this, we present a scalable framework64

for generating and training on billions of low-fidelity data points. This makes it possible to pre-train65

large-scale neural networks as surrogate models for regression tasks in a Mechanical Engineering66

context, with the expectation that such pre-training generalizes well and can be fine-tuned with67

minimal high-fidelity data. To our knowledge, this is the very first practical implementation of DNN68

training at this scale for regression tasks in mechanical engineering.69

2 A representative example for high-dimensional regression in engineering70

The deep learning framework presented in this work is general and designed to address complex,71

high-dimensional regression problems commonly found in engineering applications. To illustrate72

its capabilities, we focus on a representative use case from mechanical engineering: the prediction73

of excitation sources in gear systems. While gears are essential for transmitting motion and power74

efficiently, they also generate excitation sources that can lead to undesirable vibrations and noise.75

Our specific target is the Static Transmission Error (STE), the primary source of vibration and noise76

in gears. The STE quantifies the deviation between the actual and ideal position of the driven gear77

assuming rigid, perfectly conjugate geometry [34]. It stems from elastic deformations, which depend78

on the gear geometry and manufacturing errors, and is typically modeled under quasi-static conditions,79

which yield a scalar periodic function of the gear’s rotation angle.80

The aim of this paper is to learn a direct mapping from a fully parameterized gear geometry81

and operating conditions to the scalar function describing the STE. This predictive capability82

is critical for modeling system-level dynamics and designing quieter, more reliable mechanical83

systems. This application was chosen for its high industrial relevance, as gears are ubiquitous in84

many industries including the automotive, aerospace and industrial machinery sectors, and because it85

gives rise to a nonlinear, high-dimensional regression problem with complex statistical characteristics,86

including zero-inflated distributions and mutually-exclusive features. These characteristics make it87

both practically important and methodologically challenging, providing a strong test case for deep88

learning-based regression tasks.89
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The main contributions of the paper are summarized as follows:90

• Introduction of a machine learning framework that uses large volumes of physics-based91

synthetic data to train a domain-specialized model capable of performing high-dimensional92

regression tasks.93

• Development of a large-scale in-house dataset using physics-based simulations, making94

it possible to train surrogate models on data volumes comparable to those used in large95

language models, within a mechanical engineering context.96

• Release of both the complete dataset and the trained surrogate model to support reproducibil-97

ity and independent evaluation.98

3 Dataset overview99

The dataset consists of 26 input features defining the geometric and operating parameters of a gear100

pair, and 64-point output vectors representing the variation of STE across a full meshing cycle. To101

compute the STE, the cycle is discretized into 64 angular positions and a static equilibrium equation102

is solved at each position. The dataset covers a broad and representative set of physically valid gear103

configurations, based on an exhaustive exploration of the design space up to a chosen discretization,104

which eliminates the need for a separate pre-design phase. Physical validity is ensured through a set105

of geometric constraints applied to each configuration. Details regarding the methodology used for106

generating this dataset are thoroughly described in Appendix B.107

3.1 Statistical properties108

The dataset inputs consist of scalar parameters (e.g., alpha_n_deg) that define the studied mechanical109

system’s geometry. While full physical descriptions and explanations of these parameters are provided110

in Appendix A, they are referenced by their dataset labels in the main text for conciseness. An in-111

depth statistical analysis of the dataset was carried out to identify its main characteristics and guide112

the design of the neural network-based surrogate model architecture. This section presents key113

findings from this analysis, illustrating important aspects of the data distribution that influenced our114

approach. The complete statistical details are reported in Appendix C.115

Features. The analysis of the input features, shown in Fig. 1, reveals a statistically complex116

geometric parameter space. The features span vastly different scales tied to the physical quan-117

titites they represent, including millimeters (e.g., m_n), micrometers (e.g., C_beta1), and new-118

tons (F), as well as angular (e.g., alpha_n_deg) and non-dimensional units (e.g., haP_et1). The119

dataset includes zero-inflated features, often resulting from mutually exclusive parameters (e.g.,120

C_alphaTip1, tipReliefStartRadius1 with C_alphaCrowning1) or angular values frequently121

near zero (beta_deg). Integer-valued parameters (z1, z2) are also present. Inter-feature dependencies122

exist, with some parameters derived through linear or non-linear relationships, potentially introducing123

multicollinearity (e.g., m_n with b). Furthermore, many features, notably micro-geometry parameters124

(e.g., crowning and tip relief like C_alphaCrowning1, C_alphaTip1), display pronounced non-125

Gaussian characteristics. These distributions are frequently highly leptokurtic and exhibit significant126

positive skewness, marked by a high concentration of values near zero but possessing extended right127

tails.128

Targets. The target variable is a 64-point vector of STE values, representing the mechanical system’s129

static response. These values are physically bounded between 0 µm and approximately 600 µm. Across130

the dataset, the mean value of each target across all samples ranges from 45 µm and 53 µm, with131

standard deviations around 50 µm to 60 µm. The overall target distribution displays significant non-132

Gaussian properties, characterized by strong positive skewness (average ≈ 3.0) and high leptokurtosis133

(average ≈ 13.5), reflecting a notable prevalence of values near zero and infrequent extreme values.134

3.2 Key statistical findings informing model design135

The statistical analysis of the dataset highlights several critical properties that dictate the choice of136

our DNN architecture and training strategy. Scale heterogeneity: The wide variation, especially137

in input feature scales, necessitates input normalization. Complex distributions: While target and138

some feature variables exhibit positive skewness and leptokurtosis, deterministic preprocessing is139
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Figure 1: Box-plots representing the statistical distributions of the scaled input features computed
with a 100,000-sample subset. The whiskers correspond to ±1.5× the interquartile range and outliers
are shown as circle markers.

preferred over transformations (e.g., Yeo-Johnson [35]) to preserve the underlying relationships and140

avoid numerical artifacts in the physically-constrained output. Dependencies and correlations: The141

severe multicollinearity among input features and strong target-to-target correlations suggest that the142

dimensionality can be reduced. Given the non-linear relationship between the geometric parameters143

and the target STE values, autoencoders (AE) are preferred over linear techniques. Furthermore,144

the complex non-Gaussian distributions of both features and targets, coupled with the depth of the145

network, introduce the risk of gradient explosion during training. Therefore, batch normalization146

layers [36] are employed throughout the DNN to stabilize the gradient flow.147

4 Experiments148

This section presents the complete experimental procedure, including dimensionality reduction, DNN149

architecture optimization, and performance evaluation of the model components. The rationale behind150

each design choice is based on the statistical characteristics of the dataset and the practical constraints151

imposed by the available computational resources. The overall objective is to develop a surrogate152

model that balances complexity and predictive accuracy while remaining suitable for fast inference153

for typical engineering tasks such as design optimization.154

In all the experiments, certain architectural and training components remain exactly the same. These155

shared characteristics include the selection of a standard neural network architecture, optimization156

methods, and training strategies. The architecture is based on a sequential arrangement of linear157

layers, batch normalization, and PReLU activation functions, with Kaiming Normal initialization [21]158

for weights and zero initialization for biases implemented in PyTorch. For optimization, the AdamW159

optimizer is used [11], and the OneCycleLR scheduler is employed for adaptive learning rate160

adjustment during training [37]. Additionally, gradient clipping by a max norm of 1.0 is applied161

to stabilize training [38]. Hyperparameter optimization is performed using Optuna with the Tree-162

structured Parzen Estimator (TPE) sampler [39], while model pruning is managed with the Median163

Pruner. These elements, detailed in Table 1, are provided for reproducibility purposes.164

4.1 Implementation guidance and strategy165

Hardware and computational constraints. A budget of USD 1,000 was allocated for GPU acqui-166

sition, resulting in the use of two Nvidia RTX 4060 Ti 16 GB GPUs, each delivering a theoretical167

peak performance of 22.06 TFLOPS in single precision. These GPUs are installed alongside an168

AMD Ryzen 9 5950X 16-core processor and 2 x 32 GB of DDR4 3200 MHz DIMM RAM. Although169

both GPUs are used in parallel, their memory cannot be combined, effectively limiting the usable170

VRAM to 16 GB per model. This constraint restricts the architectural complexity of the networks that171

can be explored, both in depth and in width, as large models quickly exceed the available memory.172

In addition, with only 22 TFLOPS of compute per GPU, performing extensive hyperparameter173

searches with models with more than 50 to 60 million parameters can quickly become intractable.174
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Table 1: Shared architectural and training components across all hyperparameter optimization
experiments.

Component Configuration

Number of Epochs 30
Training Precision Single-precision format (float32)
Dataset splitting seed 42 (70% train, 15% validation and 15% test)
Layer Structure Linear → BatchNorm → PReLU
PReLU Initialization α = 0.25
Weight Initialization Kaiming Normal (nonlinearity: leaky ReLU)
Bias Initialization Zeros
Optimizer AdamW, β1 = 0.9, β2 = 0.99
Scheduler OneCycleLR (cosine), 30% warm-up
Gradient Clipping Max norm = 1.0

These limitations demand a careful balance between model size and predictive performance, with175

the objective of achieving fast and reliable inference suitable for real-time gear optimization. As a176

consequence, these hardware constraints motivated the reduction of input and output dimensionality177

prior to attempting the main neural network-based mapping.178

Activation function and scaling strategy. The dataset is scaled using the MinMaxScaler from179

the scikit-learn Python library, with the range [−1, 1], in line with the use of the PReLU activation180

function. This scaling choice avoids the dying ReLU problem [40], as PReLU activations mitigate181

the issue of dead units by allowing the slope of the negative part of the function to be learned.182

While this approach does not provide the smoothest loss curve compared to alternatives like GeLU,183

Swish, or Mish [41–43], it keeps the computation costs lower. GeLU, Swish, and Mish are based on184

trigonometric functions, which increase the computational expense.185

Rationale behind using DNNs. To establish the necessity of non-linear modeling approaches, a186

Partial Least Squares Regression (PLSR) is implemented as a linear baseline. Using 19 components,187

the PLSR model achieved a Mean Adjusted R2 Score of 0.3547 on the full test set (i.e., 15% of the188

dataset). This indicates that approximately two-thirds of the variance in the target variable could189

not be explained by a linear mapping of the input features. This emphasized the need for machine190

learning techniques capable of modeling complex non-linear relationships, leading to the selection191

of DNNs for mapping and autoencoders for unsupervised data pre-processing and dimensionality192

reduction, thanks to their representational strength and GPU-accelerated processing capabilities.193

PCA for dimensionality reduction guidance. To guide the design of a lower-dimensional latent194

space for subsequent AEs training, Principal Component Analysis (PCA) is performed on both scaled195

input features and target variables. For the input features, 15 principal components were required to196

explain 95.0% of the variance, increasing to 19 for 99.0% and 24 for 99.9%. In contrast, the target197

variables demonstrated higher compressibility, with 3, 6, and 12 components capturing 95.0%, 99.0%,198

and 99.9% of the variance, respectively. This higher compressibility in the output is attributed to its199

time-series nature. These PCA results provided an initial empirical range for the latent dimensions of200

autoencoders: 12-20 for inputs and 2-12 for outputs.201

4.2 Unsupervised data preprocessing202

This subsection presents the use of autoencoders as an unsupervised preprocessing step to compress203

both the input and output spaces into lower-dimensional latent representations. The objective is to204

reduce computational cost while reshaping the data into compact, structured forms that facilitate205

efficient and effective subsequent mapping. This approach is particularly valuable given the highly206

complex and heterogeneous distributions within the dataset.207

Autoencoder hyperparameter optimization. To determine the most effective model configurations208

for both input and target AEs, a series of hyperparameter searches were conducted using the Optuna209

framework. For both AE type, three distinct Optuna studies were performed, with each study210

dedicated to evaluating a specific loss function (MSE, MAE, Huber loss). Within each study, the211

searches explored a range of architectural parameters, such as network depth, layer widths, and212
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dropout rates. All evaluated architectures incorporated internal batch normalization layers to promote213

training stability. Table 2 summarizes the best-performing feature and target AEs identified through214

these six Optuna studies. The entire optimization spanned 320 hours, with the input and output215

studies conducted independently on an Nvidia RTX 4060 Ti 16 GB GPU (160 hours each).216

Table 2: Optimal hyperparameters and metrics for input and target autoencoders.
Hyperparameter Category Feature AE Target AE Description / Sampling Range

Optuna Study Configuration
Objective Metric Min Reconstruction Loss On the Complete Dataset
Total Searches 3 3 One search by loss type
Total Trials 100 100 Trials per search
Optuna Seed 42 42 For reproducibility concerns
Pruning (15/15/1) (15/15/1) (Startup/Warmup/Interval)

Training Hyperparameters
Batch Size 15,087 5,444 Log-int [210, 214]
Max Learning Rate 7.4× 10−3 3.2× 10−3 Log-float [10−4, 3× 10−2]
Weight Decay 2.2× 10−3 3.0× 10−3 Log-float [10−6, 10−2]
Loss Function MSE Huber MSE, MAE, Huber
Best Huber δ N/A 1.545 Log-float [0.5, 2.0]
Use tanh Output False True True, False

Architectural Hyperparameters
Original Dimension 26 64 Prior to compression
Bottleneck Dimension 15 5 Int [12, 20] / Int [2, 12]
Bottleneck Dropout 0.0 0.0 Float [0.0, 0.2]
Hidden Layers 1 2 Int [1, 5], before bottleneck
Units per HL 16 (53/38) For encoder part
Dropout per HL 0.0 (0.0/0.0) Float [0.0, 0.5]

Reconstruction Metrics
R2 Score 0.54266 0.99884 Variance Weighted
Adjusted R2 Score 0.78389 0.99882 Uniform Average

Input compression discussion. Although multicollinearity analysis suggested an opportunity for217

input feature dimensionality reduction, autoencoders optimized via TPE struggled to effectively218

compress them. The best-performing autoencoder for reconstructing these features, despite its219

potential for non-linear mapping, explained only 78% of their variance (uniform R2) and just 54%220

when weighted by feature variance. This performance was significantly less than the 95% of variance221

captured by 15 principal components derived from the same set of features. The fact that the optimizer222

selected a single-hidden-layer autoencoder as the optimal architecture further implies that deeper,223

non-linear structures provided no noticeable benefit for reconstruction accuracy. This observation224

aligns with theoretical insights indicating that single-layer autoencoders essentially learn PCA-like225

representations [44]. Considering these findings, and to avoid prematurely discarding potential226

non-linear relationships, dimensionality reduction through PCA was not applied. Instead, the analysis227

proceeded by utilizing the full set of min-max scaled input features.228

Output compression discussion. For the output targets, autoencoder-based dimensionality reduction229

proved suitable, given their inherent sequential dependencies characteristic of time series data. An230

AE with a 5-dimensional bottleneck achieved an R2 value of approximately 0.9988 for both uniform231

and variance-weighted metrics. This result indicates more effective compression compared to PCA,232

which needed 6 components to explain 99% of the variance and 12 components for 99.9%. Such233

performance shows the AE’s ability to capture both linear and non-linear characteristics of the target234

signals. Notably, the TPE optimizer selected a tanh activation function for the AE’s output layer, a235

choice that constrains predictions to the [-1, 1] range of the scaled data, thereby preventing potential236

artifacts during inverse transformation. This 5-dimensional encoding will therefore be employed for237

the targets in the subsequent mapping model to enhance computational efficiency.238
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4.3 Dimensionality-reduced feature-target mapping239

Rationale behind the MLP architecture. Because the output signals are periodic by nature, there is240

no need for a model architecture capable of capturing long-term temporal dependencies, such as Long241

Short-Term Memory (LSTM) networks or Transformers. A standard Multilayer Perceptron (MLP) is242

therefore selected as the most suitable architecture for this regression task.243

Table 3: Optimal hyperparameters and configuration for the MLP mapper identified via Optuna.
Hyperparameter Category Value Description / Sampling Range

Optuna Study Configuration
Objective Metric Min Huber Loss Val dataset (δ = 1.0)
Total Trials 75 52 completed, 23 pruned
Optuna Seed 25 For reproducibility concerns
Pruning (20/12/1) (Startup/Warmup/Interval)

Training Hyperparameters
Batch Size 8,252 Log-int [211, 215]
Max Learning Rate 1.181× 10−3 Log-float [10−5, 5× 10−3]
Weight Decay 2.881× 10−6 Log-float [10−6, 10−2]
Loss Function Huber Fixed (δ = 1.0)

Architectural Hyperparameters
Input Dimension 26 Scaled Features
Output Dimension 5 Encoded Targets
Number of Hidden Layers 7 Int [3, 8]
Input Layer Dropout 0.113 Float [0.0, 0.5]
Neurons per Hidden Layer See below Log-int [64, 4096]
Dropout per Hidden Layer See below Float [0.0, 0.5]

Per-Layer Configuration (Units, Dropout)
Hidden Layer 1 2,453 0.009
Hidden Layer 2 1,853 0.185
Hidden Layer 3 3,821 0.134
Hidden Layer 4 3,534 0.092
Hidden Layer 5 2,739 0.407
Hidden Layer 6 2,899 0.078
Hidden Layer 7 87 0.334

Validation Metrics
R2 Score 0.9978 Variance Weighted
Adjusted R2 Score 0.9975 Uniform Average

MLP hyperparameter optimization. Having established the suitability of an MLP architecture,244

an extensive hyperparameter optimization process was undertaken using the Optuna framework to245

identify the most effective configuration for mapping the scaled input features to the compressed target246

representations. A Smooth L1 loss function (equivalent to Huber loss with δ = 1.0) was employed247

for this regression task. This choice was motivated by its robustness to outliers, as it behaves like a248

L1 loss for errors larger than 1.0, reducing the strong penalization of large errors typical of MSE,249

while retaining smooth, L2-like behavior for smaller errors. The Optuna search explored a wide250

range of architectural parameters, including the number of hidden layers, neurons per layer, dropout251

rates, batch size, and learning rate. The detailed optimal hyperparameters and configuration details252

for the best-performing MLP mapper identified through this process are presented in Table 3.The253

hyperparameter search was conducted over a total of 272 hours on a single RTX 4060 Ti 16 GB.254

MLP mapper performance evaluation. Evaluation of the MLP mapper demonstrates its superior255

performance in mapping the AE’s low-dimensional latent space to the 64-point STE profile. Achieving256

a Mean Adjusted R2 of 0.9975, the MLP substantially outperforms the previous linear PLSR model,257

which scored 0.3547 on the same task. This confirms that the MLP successfully models the nonlinear258

relationship between the raw scaled geometric input parameters and the encoded output targets.259
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4.4 Surrogate model performance evaluation260

Performance metrics. Evaluation of the final model was conducted on a test dataset comprising261

4.66 million samples, with detailed performance metrics presented in Table 4. The model, charac-262

terized by 43.12 million trainable parameters distributed across 9 effective hidden layers (7 MLP,263

2 Decoder), demonstrates excellent predictive accuracy, achieving an Adjusted R2 of 0.9978. It264

also exhibits low relative errors, with a median absolute error of 1.70% and the 99th percentile265

error contained within 19.15% (both relative to the mean absolute value). Figure 2 shows the STE266

predictions corresponding to the 10th percentile, median and 95th percentile of the absolute prediction267

error. One can see a very good agreement between the predicted are reference targets in all three cases,268

which confirms the accuracy of the neural network. The model achieves an inference throughput of269

95,095 samples/sec which allows for the prediction the STE for the entire 4.66 million-sample test270

set in approximately 49 seconds. This is several orders of magnitude faster than classical CPU-based271

computations, which would require an estimated 4,575,000 seconds (approximately 53 days) on an272

AMD Ryzen 9 5950X 16-core CPU. This represents a speedup factor of nearly 100,000 and makes it273

feasible to explore vast design spaces for design optimization tasks.274

Table 4: Final model inference results on the full test dataset.
Metric Category Value

Computational Performance (Single GPU)
Total Pipeline Inference Time 49.02 sec
Throughput 95,095 samples/sec

Predictive Accuracy
Adjusted R2 Score (Uniform Avg) 0.9978

Relative Error Metrics
Median Abs. Error as % of Mean Abs. Value 1.70%
MAE as % of Mean Abs. Value 2.96%
P95 MAE as % of Mean Abs. Value 9.83%
P99 MAE as % of Mean Abs. Value 19.15%
Normalized RMSE as % of Std Dev. 4.67%
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Figure 2: STE predictions over a full meshing cycle corresponding to the 10th percentile (a) , median
(b) and 95th percentile (c) of the absolute prediction error. The reference and predicted STE are
shown as solid blue lines with circle marker ( ) and solid red lines with cross markers ( ),
respectively. Note the different y-axis scales.

Feature importance and physical validation. To validate that the model has learned physically275

meaningful relationships, we assessed feature importance using permutation importance, measuring276

the drop in R2 score upon shuffling each feature. The results, shown in Fig. 3, strongly align277

with the known physical principles governing the STE, with the applied load (F) being the most278

influential feature, causing an R2 drop of over 0.8 when permuted. This is coherent with physical279

principles, where the applied load has a first-order effect on the static deflection of mechanical systems.280
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Figure 3: Permutation importance of input features, computed on a 20,000-sample test subset with
50 permutation repeats.

Parameters governing the stiffness of the gear, such as the face width (b) and operating center distance281

(a_w), are the next most influential, showing significant R2 drops equal to approximately 0.35. The282

parameters controlling the STE profile shape and localized contact behavior, such as tip relief start283

radii (tipReliefStartRadius1, tipReliefStartRadius2), also demonstrate high importance284

(R2 drops around 0.3). This ranking of feature importance, mirroring the hierarchy of physical effects285

on STE, confirms that the trained model has successfully captured the underlying physical principles286

of the system.287

5 Conclusion288

This paper presents the first neural network-based surrogate model trained on a dataset of this scale289

in engineering: 31 million samples and 2.8 billion data points. While fully data-driven modeling is290

gaining momentum in science and engineering, its practical use remains limited, largely due to the291

scarcity of high-quality data. We show that combining deep learning with low-fidelity, physics-based292

synthetic data offers a viable path forward. These data are fast to generate and, by construction,293

incorporate fundamental aspects of the underlying physics. They make it possible to create large294

and diverse datasets for training domain-specialized surrogates that capture key physical behaviors295

and generalize well. The surrogate model presented in this work is highly accurate with an adjusted296

R2 equal to 0.9978. These results, obtained despite architectural and training constraints due to297

hardware limitations, give confidence in the broad applicability of the approach. This work provides298

a foundation for training accurate models that can be fine-tuned using small amounts of high-fidelity299

experimental or simulation data. It opens a path toward the efficient inference and design optimization300

of mechanical systems, thereby bringing practical industrial applications within reach.301
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A Nomenclature of input features417

Table 5 associates each input feature with its physical counterpart. The input variables (e.g., m_n)418

are presented in the same order as expected by the input of the surrogate model. In all subsequent419

appendices, the designations presented in Table 5 will be used in place of the variable names.420

Table 5 is organized as follows:421

• 11 minimal macro-geometric parameters: Minimal set of macro-geometric parameters422

that cannot be derived from others which can not be deduced from others.423

• 1 deduced macro-geometric parameter: The only macro-geometric parameter that can be424

derived from the normal module mn.425

• 2 operational conditions: Defined by the chosen center distance between the two gears and426

the load to be transmitted.427

• 8 tooth flank modifications: Also called "micro-geometry deviations", "micro-geometry428

modifications", "micro-geometry corrections", "tooth flank corrections" or simply "micro-429

geometries", these represent intentional deviations from the theoretical tooth profile. Note430

that tip relief (Cαa, rc αa) and profile crowing Cα are mutually exclusive modifications.431

• 4 tooth flank tolerances: These correspond to manufacturing errors.432

Table 5: Nomenclature of input features
Name Input Variable Designation Unit

Minimal macro-geometric parameters (according to ISO 53, ISO 1122 and ISO 6336-1)
Normal module m_n mn mm
Normal pressure angle alpha_n_deg αn deg
Helix angle beta_deg β deg
Number of teeth of gear 1 z_1 z1 -
Number of teeth of gear 2 z_2 z2 -
Profile shift coefficient of gear 1 x_t1 x1 -
Addendum coefficient of gear 1 haP_et1 haP

∗
1 -

Dedendum coefficient of gear 1 hfP_et1 hfP
∗
1 -

Profile shift coefficient of gear 2 x_t2 x2 -
Addendum coefficient of gear 2 haP_et2 haP

∗
2 -

Dedendum coefficient of gear 2 hfP_et2 hfP
∗
2 -

Deduced macro-geometric parameter (according to ISO 1122 and ISO 6336-1)
Facewidth b b mm

First operational condition (according to ISO 1122 and ISO 6336-1)
Operating center distance a_w atw mm

Tooth flank modifications (according to ISO 21771:2024)
Profile crowning (barreling) of gear 1 C_alphaCrowning1 Cα1 µm
Profile crowning (barreling) of gear 2 C_alphaCrowning2 Cα2 µm
Tip relief of gear 1 C_alphaTip1 Cαa1 µm
Tip relief of gear 2 C_alphaTip2 Cαa2 µm
Tip relief start radius of gear 1 tipReliefStartRadius1 rc αa1

mm
Tip relief start radius of gear 2 tipReliefStartRadius2 rc αa2

mm
Flank line (helix) crowning of gear 1 C_beta1 Cβ1

µm
Flank line (helix) crowning of gear 2 C_beta2 Cβ2

µm

Tooth flank tolerances for an ISO quality class 6 (according to ISO 1328-1:2013)
Profile slope tolerance of gear 1 fH_alphaT1 fHαT 1 µm
Profile slope tolerance of gear 2 fH_alphaT2 fHαT 2 µm
Helix form tolerance of gear 1 fH_betaT1 fHβT 1

µm
Helix form tolerance of gear 2 fH_betaT2 fHβT 2

µm

Second operational condition (according to ISO 6336-1)
Transmitted load F F N
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B Dataset generation433

B.1 Gear design space434

The gear design space, from which the dataset is generated, is constructed by defining key gear macro-435

geometric and micro-geometric parameters. This space encompasses the entire set of physically valid436

external cylindrical gears within a specified range, defined by 11 minimal parameters essential for437

describing gear macro-geometry (i.e., parameters that cannot be deduced from others). To ensure438

an as exhaustive as possible representation of this space, it is populated using Latin Hypercube439

Sampling (LHS). The physical validity of the sampled gears is guaranteed through the application of440

macro-geometric constraints, derived from established gear theory principles extensively detailed441

and proved in [45]. Micro-geometric deviations, by contrast, are treated separately. These deviations442

represent variations from the nominal tooth profile. They may be intentionally introduced (e.g.,443

reduce the fluctuation of the STE during the meshing cycle), or they may arise unintentionally from444

manufacturing or assembly errors. The complete list of considered parameters can be found in445

Appendix A.446

B.2 Fundamentals of gear theory447

Gears are essential mechanical components. They are among the most commonly used, most robust,448

and most durable systems to transmit motion and power. By definition, a gear is a basic mechanism449

made up of two toothed wheels that rotate around axes with a fixed relative position, where one drives450

the other through the successive engagement of their teeth.451

In this paper, two types of gears are considered:452

• Spur gears, which are the simplest and most economical. They are used to transmit motion453

and power between two parallel shafts. The teeth of both gears are parallel to the rotation454

axis of the shafts.455

• Helical gears, in which the teeth are inclined relatively to the axis of rotation of the shafts.456

They are also used to transmit motion and power between two parallel shafts. For the same457

size, they are more efficient than spur gears in transmitting power and torque. Due to the458

more gradual and continuous engagement of the teeth, they are also quieter.459

B.2.1 Basic definitions460

A gear contains an integer number of teeth zi, each spaced at equal intervals corresponding to the461

normal pitch pn. This leads to the following relation:462

π di = pn zi (1)

where di is the pitch diameter.463

By introducing the normal module mn, defined as:464

mn =
pn
π

(2)

The expression leads to:465

di = mn zi (3)
Thus, meshing is only possible if the normal module of each gear is equal. Note that the strength of466

the tooth depends on the selected normal module.467

B.2.2 Gear kinematics468

The most commonly used tooth profile in gears is the involute profile, as it is the only profile that469

guarantees a constant gear ratio regardless of the operating center distance aw:470

ω2

ω1
=

r1
r2

=
z1
z2

(4)

where ωi is the angular speed of gear i and ri = di/2 is the pitch radius.471
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The involute is generated by a point attached to a rigid line that rolls without slipping along the472

circumference of a fixed circle, known as the base circle, with radius rb. It is the result of unwinding473

a wire that is wrapped around the base circle. It is defined in polar coordinates as:474 
rM =

rb
cos(αM )

θM = tan(αM )− αM

(5)

given that,475

inv(αM ) = tan(αM )− αM (6)
where, the point M is the one that generates the involute, rM the radius at the point M , θM the476

angular position of the point M , αM the pressure angle at the point M, which defines the direction477

of the force transmitted by the gear teeth, and increases as rM increases. inv(αM ) represents the478

involute function. Consequently, the gear can be viewed as a line that rolls without slipping on two479

base circles, which serve as the starting points for the respective involute profiles of each gear. The480

base radius rbi is therefore expressed as:481

rbi = ri cos(αn) (7)

The path of contact begins at point A, where the tip circle of the driven gear intersects the line of482

action, and ends at point E, where the tip circle of the driving gear intersects the same line. The tip483

radius rai of a gear is related to its pitch radius ri and addendum hai by:484

rai
= ri + hai

(8)

Similarly, the root radius is defined as:485

rfi = ri − hfi (9)

where hfi is the dedendum.486

B.2.3 Static transmission error definition487

To ensure continuous meshing, there must always be at least one pair of teeth in contact at any given488

time. Therefore, the base pitch pbn which is the distance between two consecutive teeth along the489

base circle, must be strictly less than the length of path of contact gα, defined as the distance from the490

point A where the contact begins, and the point where it ends E. The base pitch pbn can be expressed491

from the normal pitch pn and the normal pressure angle αn:492

pbn = pn cos(αn) (10)

As a result, the number of tooth pairs in contact varies over time, giving rise to a periodic excitation493

which is periodic to the mesh period. This excitation is periodic because, in the absence of manufac-494

turing defects, the base pitch pbn remains constant. Therefore, in reality, the gear ratio is not strictly495

constant, as previously assumed, but instead fluctuates around its mean value.496

The variation in the number of teeth in contact leads to changes in the apparent stiffness of the gear497

mesh. Indeed, if the load is shared between two tooth pairs, each tooth supports only half the load498

compared to the case where a single pair carries the entire load. This variation results in fluctuating499

tooth deflection under load during the meshing process. Such deflection can be modeled as a relative500

displacement along the line of action, known as the static transmission error (STE), and defined as:501

δ(θ1) = rb2 θ2 − rb1 θ1 (11)

where θ1 and θ2 are respectively the angular position of the driven and the driving gears, and δ(θ1) the502

static transmission error usually expressed in µm. The STE can thus be understood as the deviation503

between the theoretical position of the driven gear, assuming perfectly rigid bodies and ideal meshing,504

and its actual position under load.505

The time-varying mesh stiffness is thereby computed from the STE as:506

k(θ1) =
∂ F

∂ δ(θ1)
(12)

where F is the transmitted load and k(θ1) the time-varying mesh stiffness. Accordingly, predicting507

mesh stiffness is unnecessary for the surrogate, as it is easily obtained through numerical differentia-508

tion, as is standard with physics-based models.509
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B.2.4 Gear cutting510

During cutting, the normal pressure angle must not exceed a certain threshold value. When αn =511

0 deg, the system is called a rack and pinion. Note that involute gears are typically manufactured512

using a rack-cutting tool. For gears, pressure angles typically range between 15 and 25 deg.513

If the cutting rack is perpendicular to the axis of the pinion, the gear is referred to as a spur gear.514

Conversely, if an angle is introduced and the rack is offset from the perpendicular to the pinion axis,515

the teeth are cut in a helical shape, and the gear is then referred to as a helical gear. This angle is516

known as the helix angle β. Note that the term "helix angle" implicitly refers to the pitch helix. The517

base helix angle βb is also defined as follows:518

βb = tan−1

(
rbi

ri tan (β)

)
(13)

To geometrically describe a helical gear, the concept of the transverse plane is introduced, which is519

perpendicular to the axis of rotation of the pinion. It is denoted by the letter t. The rack plane, on the520

other hand, is referred to as the normal plane and is denoted by n. The transverse pressure angle αt,521

the transverse module mt, the transverse pitch pt and the transverse base pitch pbt can be expressed522

as:523

αt = tan−1

(
tan (αn)

cos (β)

)
(14)

mt =
mn

cos(β)
(15)

pt = πmt (16)

pbt = pt cos(αt) (17)

During the cutting process, the cutting rack rolls without slipping on the blank tip cylinder (i.e., the524

cylinder prior to machining) of a given facewidth b. It is possible to offset the reference plane of525

the rack from the pitch cylinder of the gear being cut. Note that the reference plane of the rack is526

geometrically equivalent to the pitch cylinder of a gear. This offset is referred to as the profile shift.527

By convention, the profile shift is considered positive when the reference plane of the cutting rack is528

displaced outward from the pitch cylinder, and negative when it is displaced inward, penetrating into529

the pitch cylinder of the gear being cut. To quantify the profile shift, a dimensionless profile shift530

coefficient is introduced. This coefficient is denoted by xti . A normal profile shift coefficient xni
can531

thus be derived, and expressed as:532

xni =
xti mt

mn
(18)

Note that the profile shift coefficient is commonly represented by xi; however, a distinction is made533

in [45] between the classical profile shift coefficient and the normal profile shift coefficient, the latter534

being used for subsequent calculations of gear validity constraints.535

After the gear is cut, the addendum of the tooth can be further reduced by an additional machining536

operation known as truncation. This process removes a portion of the tooth tip to modify the tooth537

height, and is quantified by the truncation coefficient ki.538

B.2.5 Induced gear parameters539

Using the previously defined parameters, the following induced quantities can be calculated and will540

be employed for subsequent calculations of gear validity constraints. These relationships are well541

established in the literature [45] and do not constitute novel findings.542

The tooth addendum and dedundum can be expressed as:543

hai
= mn (haP

∗
i + xti − ki) (19)

hfi = mn

(
hfP

∗
i − xti

)
(20)
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where haP
∗
i and hfP

∗
i are respectively addendum and dedendum coefficients.544

The axial pitch px is expressed as:545

px =
pn

sin(β)
(21)

For an helical gear, the lead pz is defined as:546

pz =
zi πmn

sin(β)
(22)

The transverse pitch tooth thickness sti , the length of the arc of the pitch circle lying between two547

profiles of a tooth, is formulated as:548

sti =
πmn

2
+ 2xti mn tan(αt) (23)

Similarly, the transverse pitch spacewidth eti , the length of the arc of the pitch circle lying between549

two teeth, is described as:550

eti =
πmn

2
− 2xti mn tan(αt) (24)

The angle at the tip end of the involute αai is defined as:551

αai
= cos−1

(
rbi
rai

)
(25)

The transverse tip tooth thickness sat2 of the gear 2 is formulated as:552

sat2 = 2 ra2

st1
2 r2 + inv(αt)− inv(αa2

)
(26)

and conversely for the gear 1.553

B.3 Macro-geometric constraints554

For the sake of completeness and reproducibility reasons, we summarize the main macro-geometric555

constraints that allow the gear to be manufactured and assembled. The interested readers can find556

more detailed in this book chapter [45], all preceding Subsections of this Appendix provide the557

minimal background necessary to follow it.558

The most challenging aspect is determining the minimum operating center distance, which involves559

the use of the inverse involute function (see Eq. 6 for the definition of the involute function). Since560

this function cannot be expressed mathematically in a direct way, it is generally evaluated using561

approximate formulas. This issue is addressed using the procedure described in the Paragraph562

named "Valid operating center distances for a valid gear pair" which, to the best of the authors’563

knowledge, represents a novel contribution to the literature. This approach further enables the564

identification of all valid operating center distances for each gear pair, allowing the construction of an565

exhaustive dataset that is not limited to the theoretical center distance ath defined as:566

ath =
mt (z1 + z2)

2
(27)

Design space bounds567

The design space bounds correspond to the limits of the 11 minimal macro-geometric parameters and568

the derived macro-geometric parameters described in Appendix A.569

0.5 mm ≤ mn ≤ 12 mm (28)
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15◦ ≤ αn ≤ 25◦ (29)

0◦ ≤ β ≤ 30◦ (30)

11 ≤ (z1, z2) ≤ 150 (31)

0.5 ≤ (haP
∗
1, haP

∗
2, hfP

∗
1, hfP

∗
2) ≤ 2.0 (32)

−1.0 ≤ (xt1 , xt2) ≤ 1.0 (33)

5.0 ≤ b

mn
≤ 15 (34)

Trivial conditions570

Since the macro-parameters are selected via LHS within the design space bounds, a set of simple571

preliminary conditions is applied to filter out invalid candidates. Then, they are passed through and572

sequentially filtered by each of the subsequent conditions presented in this subsection.573

ra1 > rf 1 ∧ ra2 > rf 2 (35)

ra1
> r1 ∧ ra2

> r2 (36)

ra1
> rb1 ∧ ra2

> rb2 (37)

r1 > rb1 ∧ r2 > rb2 (38)

r1 > rf 1 ∧ r2 > rf 2 (39)

Minimal transverse tooth thickness at the tip circle condition574

sa1 ≥ 0.1mt ∧ sa2 ≥ 0.1mt (40)

Minimal contact ratio condition575

εγ = εα + εβ ≥ 1.2 with εα ≥ 1.0 (41)

Minimal number of teeth condition576

zlim =
2 cos(β)

sin2(αt)
(42)

No manufacturing interference conditions577

z1
2
sin2(αt)− (1− xt1) ≥ 0 (43)

z2
2
sin2(αt)− (1− xt2) ≥ 0 (44)
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Assembly conditions578

clearance1 = aw − ra1
− rf 2 > 0 (45)

clearance2 = aw − ra2
− rf 2 > 0 (46)

inv(αtw) ≥ 2

(
xn1 − xn2

z1 + z2

)
tan(αn) + inv(αt) (47)

No meshing interference conditions579

da1
≤ z1 mt cos(αt)

√
1 +

(
z2
z1

(tan(αtw)− tan(αt)) + tan(αtw) +
4 (haP

∗
2 − xt2)

z1 sin(2αt)

)2

(48)

da2
≤ z2 mt cos(αt)

√
1 +

(
z1
z2

(tan(αtw)− tan(αt)) + tan(αtw) +
4 (haP

∗
1 − xt1)

z2 sin(2αt)

)2

(49)

Tooth root stress conditions580

This work considers steel as the sole material. The yield strength at the tooth root σF max is set to581

500 MPa.582

F1max =
σF max b π

2 mn εα

cos(αtw)
(
2 sin(αtw) εα π + 24 cos(αtw) (haP

∗
1 + hfP

∗
1)
) (50)

F2max =
σF max b π

2 mn εα

cos(αtw)
(
2 sin(αtw) εα π + 24 cos(αtw) (haP

∗
2 + hfP

∗
2)
) (51)

Contact pressure condition583

The steel yield strength at contact pressure σHmax is set to 1200 MPa. Young’s moduli E1, E2 and584

Poisson’s ratios ν1, ν2 are taken respectively as 210 GPa and 0.29.585

FHmax =
σH

2
max b εα π

(
1−ν2

1

E1
+

1−ν2
2

E2

)
cos(αtw)

cos(β)
(

1
T1C

+ 1
T2C

) (52)

Valid operating center distances for a valid gear pair586

Each physically valid gear pair admits a minimum operating center distance aw min imposed by the587

assembly conditions (Eqs. 45 and 46), and a maximum operating center distance aw max imposed by588

the minimal contact ratio condition (Eq. 47). To determine all the valid operating center distances aw,589

several candidate values are evaluated within the range defined by the following bounds:590

aw min = rf 1 + rf 2 (53)

aw max = ra1 + ra2 (54)

where rf i and rai are the dedendum and addendum radii of the pinion and gear. Ten uniformly591

spaced values of aw are sampled between aw min and aw max, for each gear pair.592

Candidate values that do not satisfy Eqs. 45 and 46 are directly discarded. For Eq. 47, the transverse593

operating pressure angle is computed from each generated center distance and passed through the594
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involute function (Eq. 6) which is not invertible [46]. Given that the involute function is strictly595

increasing in the range of 15 to 25 deg, and that the transverse operating pressure angle increases596

with an increasing center distance, invalid values of aw can be easily filtered out thanks to the597

inequality defined in Eq. 47. This procedure avoids the need for iterative optimization algorithms or598

approximated formulas and directly addresses the issue raised in [16].599

B.4 Micro-geometric constraints600

Similarly to the macro-geometric constraints, the micro-geometric constraints are listed in this601

subsection for completeness and reproducibility. These micro-geometric constraints are derived from602

formulas available in the ISO standards referenced in Appendix A.603

Tooth profile modifications604

The maximum tip relief or profile crowning depth is defined by the deflection of a rectangular beam605

with cross-section b × s under the maximum admissible load Fmax.606

Cαa = Cα ≤
4Fmax

(
(haP

∗ + hfP
∗)mt

)3
E b s3

(55)

The tip relief start radius is defined by:607

1.1 ractive-contact ≤ rc αa < ra (56)

Helix crowning608

Maximum compression under Fmax, according to Hertz theory [47].609

Cβ ≤ Fmax

b

(
1

T1C
+

1

T2C

)(
1− ν21
E1

+
1− ν22
E2

)
(57)

Mitigation of manufacturing and assembly errors (contact recentering).610

Cβ ≥ fHβT + fΣδ cos(αtw) + fΣβ sin(αtw) (58)

Profile slope tolerance611

fHαT ≤ (0.4mn + 0.001 d+ 4)
(√

2
)(A−5)

(59)

where 1 ≤ A ≤ 12 is the ISO quality class.612

Helix form tolerance613

fHβT ≤
(
0.05

√
d+ 0.35

√
b+ 4

)(√
2
)(A−5)

(60)

B.5 Static transmission error computation procedure614

Classical approaches for computing the static transmission error (STE) are based on an equation that615

models the static equilibrium of the gear pair at various positions of the driving wheel θ1. The contact616

points are assumed to lie along theoretical contact lines, which are identified through a kinematic617

analysis of the system. The flexibility of the gear teeth is represented by a compliance matrix H(θ1),618

computed using a Ritz-Galerkin approximation. Contributions based on Hertz theory are added to this619

matrix to account for local deformations [48]. Tooth flank modifications and manufacturing errors620

are modeled as an initial gap e(θ1) between discretized contact lines. Additionally, misalignment621

and deviations caused by the global deformation of the entire gear train are considered in e(θ1). The622

resulting contact problem, for each position θ1 and a given transmitted load F , is formulated in matrix623

form as follows:624
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{
H(θ1)p(θ1) = δ(θ1)1− e(θ1)
1T p(θ1) = F

(61)

with625 {
−
∑

j Hj(θ1) pj(θ1) + δ(θ1) ≥ ej(θ1)
pj ≥ 0

(62)

In this constrained problem, the column vector 1 consists of components all equal to 1, while the626

column vector p represents the unknown distributed load, and the scalar function δ(θ1) corresponds627

to the unknown STE. The solutions p(θ1) and δ(θ1) are obtained by solving the equations using an628

optimization method.629

The total computational workload was split into 20 parallel segments. Fourteen parts were run on630

Intel Xeon Haswell-based 16-core cluster nodes, with the remaining six distributed across three631

local machines: two parts on an AMD Ryzen 9 5900HS 8-core laptop, two on an Intel I7-11800H632

8-core laptop, and two on an AMD Ryzen 9 5950X 16-core desktop. The total cumulative CPU time633

amounted to approximately 185.8 million core-seconds, equivalent to 51,610 hours or 2,150 days of634

single-core computation.635

C Statistical characteristics of the dataset636

In addition to Section 3, comprehensive statistical metrics of the 90 scalar features and targets637

composing the dataset are provided in Tables 6 and 7, including the mean, standard deviation,638

minimum, 25th percentile, median, 75th percentile, maximum, skewness, and kurtosis.639

Table 6: Targets descriptive statistics.
Output Variable Mean StdDev Min P25 Median P75 Max Skew Kurt

STE_0 49.49 55.32 0.00 16.10 32.57 60.98 599.89 3.07 13.42
STE_1 48.33 53.55 0.00 15.88 32.07 59.65 599.74 3.06 13.48
STE_2 47.31 52.21 0.00 15.66 31.57 58.40 599.57 3.06 13.61
STE_3 46.56 51.28 0.00 15.47 31.15 57.41 600.00 3.06 13.69
STE_4 46.11 50.63 0.00 15.36 30.94 56.94 599.95 3.06 13.72
STE_5 45.95 50.15 0.00 15.42 30.98 56.85 599.98 3.05 13.78
STE_6 45.99 49.79 0.00 15.58 31.19 57.05 599.97 3.05 13.84
STE_7 46.12 49.54 0.00 15.74 31.44 57.41 599.72 3.04 13.88
STE_8 46.24 49.34 0.00 15.87 31.62 57.71 599.73 3.03 13.89
STE_9 46.27 49.12 0.00 15.94 31.72 57.87 599.77 3.02 13.92
STE_10 46.20 48.82 0.00 15.98 31.75 57.89 599.43 3.01 13.99
STE_11 46.07 48.46 0.00 15.99 31.73 57.86 599.98 3.01 14.05
STE_12 45.94 48.12 0.00 15.98 31.68 57.85 599.97 2.99 14.00
STE_13 45.88 47.90 0.00 15.98 31.65 57.90 599.83 2.97 13.83
STE_14 45.95 47.90 0.00 16.01 31.69 58.08 599.97 2.96 13.68
STE_15 46.15 48.14 0.00 16.07 31.80 58.40 599.87 2.97 13.78
STE_16 46.46 48.56 0.00 16.14 31.98 58.83 599.61 3.00 14.18
STE_17 46.81 49.06 0.00 16.22 32.18 59.33 599.90 3.04 14.67
STE_18 47.13 49.51 0.00 16.28 32.37 59.79 599.99 3.06 14.98
STE_19 47.36 49.83 0.00 16.31 32.49 60.11 599.97 3.07 15.04
STE_20 47.48 50.00 0.00 16.30 32.55 60.28 599.92 3.06 14.91
STE_21 47.49 50.05 0.00 16.25 32.54 60.28 599.98 3.05 14.71
STE_22 47.44 50.05 0.00 16.18 32.49 60.20 599.89 3.04 14.54
STE_23 47.38 50.08 0.00 16.11 32.42 60.12 599.84 3.04 14.49
STE_24 47.38 50.17 0.00 16.04 32.37 60.09 599.95 3.04 14.52
STE_25 47.45 50.35 0.00 16.01 32.37 60.16 599.99 3.04 14.52
STE_26 47.59 50.60 0.00 16.00 32.41 60.33 599.98 3.04 14.39
STE_27 47.78 50.89 0.00 16.01 32.48 60.55 599.95 3.02 14.16
STE_28 47.97 51.16 0.00 16.01 32.55 60.79 599.98 3.00 13.87
STE_29 48.12 51.38 0.00 15.99 32.58 60.99 599.63 2.98 13.59
STE_30 48.19 51.52 0.00 15.94 32.56 61.09 599.98 2.96 13.36
STE_31 48.18 51.59 0.00 15.87 32.52 61.09 599.88 2.95 13.21
STE_32 48.13 51.61 0.00 15.79 32.45 61.05 599.98 2.95 13.16
STE_33 48.08 51.63 0.00 15.71 32.39 61.02 599.95 2.95 13.17
STE_34 48.06 51.70 0.00 15.64 32.36 61.03 599.77 2.95 13.17
STE_35 48.11 51.84 0.00 15.59 32.37 61.09 599.92 2.94 13.09
STE_36 48.23 52.07 0.00 15.55 32.40 61.22 599.90 2.93 12.92
STE_37 48.38 52.36 0.00 15.52 32.45 61.37 599.80 2.92 12.71
STE_38 48.54 52.67 0.00 15.49 32.49 61.53 599.98 2.91 12.52
STE_39 48.66 52.94 0.00 15.45 32.51 61.65 599.96 2.90 12.36
STE_40 48.73 53.14 0.00 15.41 32.49 61.72 599.99 2.90 12.25

Continued on next page
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Table 6 – continued from previous page

Output Variable Mean StdDev Min P25 Median P75 Max Skew Kurt

STE_41 48.75 53.28 0.00 15.36 32.44 61.72 599.82 2.89 12.15
STE_42 48.75 53.41 0.00 15.31 32.37 61.66 599.68 2.89 12.10
STE_43 48.77 53.61 0.00 15.28 32.31 61.60 599.98 2.90 12.12
STE_44 48.85 53.91 0.00 15.26 32.27 61.59 600.00 2.92 12.23
STE_45 49.00 54.34 0.00 15.26 32.28 61.68 599.98 2.94 12.40
STE_46 49.22 54.86 0.00 15.29 32.33 61.87 599.99 2.97 12.61
STE_47 49.49 55.42 0.00 15.34 32.39 62.11 599.95 2.99 12.81
STE_48 49.73 55.93 0.00 15.39 32.45 62.32 599.97 3.01 12.95
STE_49 49.91 56.32 0.00 15.43 32.48 62.45 599.97 3.03 13.00
STE_50 50.00 56.55 0.00 15.47 32.47 62.46 599.99 3.03 12.99
STE_51 50.02 56.63 0.00 15.50 32.44 62.38 599.96 3.03 12.96
STE_52 50.00 56.65 0.00 15.54 32.41 62.25 599.94 3.04 12.95
STE_53 50.04 56.73 0.00 15.59 32.42 62.18 599.99 3.04 13.00
STE_54 50.19 57.02 0.00 15.67 32.49 62.25 599.95 3.06 13.12
STE_55 50.50 57.59 0.00 15.78 32.63 62.51 599.97 3.09 13.40
STE_56 50.97 58.48 0.00 15.93 32.85 62.96 599.80 3.14 13.89
STE_57 51.54 59.58 0.00 16.10 33.11 63.52 599.93 3.22 14.60
STE_58 52.09 60.68 0.00 16.25 33.35 64.04 599.77 3.29 15.37
STE_59 52.47 61.44 0.00 16.39 33.54 64.37 599.99 3.34 15.90
STE_60 52.56 61.56 0.00 16.47 33.61 64.41 599.99 3.34 15.89
STE_61 52.28 60.84 0.00 16.48 33.55 64.07 599.99 3.29 15.30
STE_62 51.62 59.36 0.00 16.41 33.34 63.33 599.99 3.20 14.43
STE_63 50.65 57.38 0.00 16.28 33.01 62.25 599.95 3.12 13.71

Table 7: Features descriptive statistics.
Input Variable Mean StdDev Min P25 Median P75 Max Skew Kurt

m_n 4.38 2.73 0.50 2.09 3.92 6.33 12.00 0.55 -0.60
alpha_n_deg 18.87 2.67 15.01 16.62 18.38 20.85 24.99 0.48 -0.84
beta_deg 6.91 9.23 0.00 0.00 0.00 13.59 29.93 1.04 -0.32
z1 91.64 35.34 11.00 63.00 93.00 122.00 150.00 -0.19 -1.01
z2 92.15 35.35 12.00 62.00 94.00 122.00 150.00 -0.18 -1.05
x_t1 0.05 0.53 -1.00 -0.38 0.07 0.48 1.00 -0.09 -1.04
haP_et1 1.27 0.37 0.50 0.99 1.29 1.56 2.00 -0.09 -0.89
hfP_et1 1.34 0.40 0.50 1.02 1.37 1.68 2.00 -0.25 -1.01
x_t2 -0.24 0.50 -1.00 -0.65 -0.31 0.12 0.98 0.46 -0.73
haP_et2 1.30 0.38 0.50 1.01 1.32 1.61 2.00 -0.10 -0.95
hfP_et2 1.32 0.40 0.50 1.01 1.33 1.66 2.00 -0.17 -1.01
b 43.44 30.14 2.83 20.04 36.45 60.33 166.04 0.95 0.51
a_w 411.86 285.03 18.98 174.08 362.56 584.78 1611.67 0.94 0.60
C_alphaCrowning1 19.99 55.91 0.00 0.00 0.45 15.63 1237.12 6.56 62.25
C_alphaCrowning2 31.38 82.43 0.00 0.00 0.63 23.97 1722.02 5.92 54.43
C_alphaTip1 18.50 53.54 0.00 0.00 0.00 13.76 1204.29 6.79 66.78
C_alphaTip2 28.97 78.53 0.00 0.00 0.00 20.88 1722.02 6.10 57.92
tipReliefStartRadius1 210.40 162.53 5.90 79.56 170.87 294.10 900.37 1.13 0.95
tipReliefStartRadius2 206.39 154.85 5.42 81.10 170.60 295.35 811.63 1.08 0.80
C_beta1 103.09 66.22 1.43 58.73 86.25 129.29 1077.50 2.31 11.65
C_beta2 103.09 66.25 5.22 58.77 86.34 129.29 1074.35 2.31 11.55
fH_alphaT1 6.16 3.89 0.00 2.94 5.88 8.84 20.74 0.44 -0.44
fH_alphaT2 6.16 3.88 0.00 2.94 5.88 8.84 19.96 0.43 -0.46
fH_betaT1 11.51 7.55 0.00 5.35 10.68 16.52 41.40 0.56 -0.26
fH_betaT2 11.49 7.48 0.00 5.35 10.72 16.49 39.78 0.54 -0.31
F 16792.32 25005.77 0.00 1631.33 6763.81 21184.36 284821.43 2.84 10.83

Target-to-target correlations. Correlation matrices were computed to assess linear relationships640

within and between input features and target variables, using the Pearson correlation coefficient r.641

The analysis of target variable correlations reveals a strong intrinsic structure within the STE signal.642

Adjacent STE components exhibit very high positive correlations, often exceeding r = 0.95, with643

correlation strength gradually decreasing as the distance between points along the time increases.644

This results in a banded pattern in the full correlation matrix, indicative of pronounced sequential645

dependencies. Such behavior, characteristic of time series data, suggests that multi-output modeling646

strategies or dimensionality reduction techniques may be particularly well-suited for this task.647

Feature-to-feature correlations. Significant linear dependencies are present among several input648

features, as shown in Fig. 4. In particular, strong positive correlations (r > 0.7) are observed between649

the normal module mn, facewidth b, operating center distance aw, and the tip relief start radii (rc αa1 ,650

rc αa2
). Very high correlations (r > 0.9) are specifically noted between the operating center distance651

and both tip relief start radii. These relationships arise from the fact that certain gear geometric652
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parameters are linearly dependent, as it can be seen in Appendix B. Such inter-feature correlations653

suggest potential multicollinearity issues.654
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Figure 4: Feature-to-feature correlation matrix computed on the complete dataset with the Pearson
correlation coefficient r.

Multicollinearity analysis of features. To formally quantify the linear dependencies among input655

features, Variance Inflation Factors (VIF) and eigenvalue analysis of the feature correlation matrix656

were performed. As presented in Fig. 5, the operating center distance aw (VIF ≈ 5, 900), the tip657

relief start radius of gear 1 rc αa1 (VIF ≈ 1, 900), and the tip relief start radius of gear 2 rc αa2 (VIF658

≈ 1, 750), all exhibit very high VIF values. The normal module mn also shows a high VIF ≈ 20.659

The eigenvalues of the 26 × 26 feature correlation matrix range approximately from 1 × 10−4 to660

5.58, leading to a condition number at approximately 53,600, confirming the strong multicollinearity.661

Feature-to-target correlations. Moderate linear correlations between certain input features and the662

STE outputs, as reported in Fig. 6. For example, the normal module mn shows correlations around663

0.49, the transmitted force F ranges between 0.47 and 0.52, and the working center distance aw664

exhibits correlations around 0.44 across many points of the STE profile. This is consistent with665

physical principles, as already addressed with the permutation importance of input features (see666

Fig. 3).667
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Figure 5: Variance Inflation Factors (VIF) for the features, computed on the complete dataset and
plotted with a logarithmic x-axis.
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Figure 6: Feature-to-target correlation matrix computed on the complete dataset with the Pearson
correlation coefficient r.

D How to run the surrogate model668

D.1 Accessing datasets and model files669

The surrogate model, named Presto, along with the complete dataset used for training, validation,670

and testing, is available at the following Google Drive link. This is a temporary hosting solution to671

preserve anonymity; a permanent repository will be provided later.672

https://drive.google.com/drive/folders/1mA_ucLHPQ1XancpWS8KDWxrSzdyPEtqP?673

usp=sharing674
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D.2 Repository description675

The repository contains the following structure (also described in the readme.txt file):676

neurips2025_submission13213/677

‘-- presto_inference/678

|-- datasets/679

| |-- presto_dataset.npz # Complete dataset (31M samples)680

| ‘-- test_subset_10k.npz # Test subset for inference681

|-- presto_functions/ # Presto Python functions682

| |-- __init__.py # Presto Python package683

| |-- inference.py # Function for the inference pipeline684

| |-- loading_utils.py # Load metadata, model, scalers, data685

| |-- model_defs.py # MLP and Autoencoder class definitions686

| |-- metrics.py # Metric functions687

| ‘-- plotting.py # Plotting results688

|-- presto_1.0.5_preview/ # Presto 1.0.5 Preview689

| |-- presto_1.0.5_metadata.json # Model metadata690

| ‘-- presto_1.0.5.safetensors # Model691

|-- scalers/ # Numpy scalers692

| |-- scaler_X.joblib # Features scaler693

| ‘-- scaler_y.joblib # Targets scaler694

|-- infer_presto.py # Main inference script695

|-- license.txt # CC BY-NC-SA 4.0 License696

‘-- readme.txt # Descritpion of the repository697

D.3 Hardware and software requirements698

Running Presto and loading the full dataset requires the following software environment:699

• Python version: 3.9 or higher700

• Required libraries:701

– numpy702

– torch (with CUDA support)703

– scikit-learn704

– pandas705

– matplotlib706

– joblib707

– safetensors708

– pickle (standard library)709

– json (standard library)710

– os, time, gc, random, traceback (standard libraries)711

• GPU: An NVIDIA GPU is required.712

• CUDA toolkit: A version compatible with the installed torch package. PyTorch must be713

installed with CUDA support (see https://pytorch.org/get-started/locally/ for714

details).715

• RAM: At least 32 GB of system memory is recommended to process the full dataset.716

D.4 Open datasets717

Two datasets are provided in the datasets folder. The first, test_subset_10k.npz, contains718

10,000 randomly selected rows from the complete dataset and is intended for quick testing and719

inference. The second, presto_dataset.npz, contains the full dataset with 31 million rows. Users720

may place their own custom inference datasets in this folder to use them with the provided inference721

script.722

Both datasets are stored as NPZ files and can be loaded with the following logic:723
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import numpy as np724

725

file_name = ’presto_dataset.npz’ # File name726

727

# Input keys (must be in this exact order)728

input_keys = [729

’m_n’, ’alpha_n_deg’, ’beta_deg’, ’z1’, ’z2’, ’x_t1’,730

’haP_et1’, ’hfP_et1’, ’x_t2’, ’haP_et2’, ’hfP_et2’,731

’b’, ’a_w’, ’C_alphaCrowning1’, ’C_alphaCrowning2’,732

’C_alphaTip1’, ’C_alphaTip2’, ’tipReliefStartRadius1’,733

’tipReliefStartRadius2’, ’C_beta1’, ’C_beta2’, ’fH_alphaT1’,734

’fH_alphaT2’, ’fH_betaT1’, ’fH_betaT2’, ’F’735

]736

737

np_data = np.load(file_name) # Load data738

# Stack input features into matrix X739

X = np.column_stack([np_data[key] for key in input_keys])740

y = np_data[’STE’] # Load target variable741

742

# Data split ratios743

VALIDATION_SIZE = 0.15744

TEST_SIZE = 0.15745

RANDOM_STATE_SPLIT = 42 # Seed for reproducibility746

D.5 Running the Model747

The model is run using the infer_presto.py inference script. Before launching the Presto748

inference, users must configure a few key parameters:749

• GPU selection: Specify which GPU to use by setting the index value.750

TARGET_GPU_INDEX = 1 # By default TARGET_GPU_INDEX = 0751

752

• Inference Dataset: Specify the path to the .npz file containing the input data. This753

file must at least contain the input features. Targets are optional and only required for754

FULL_EVALUATION mode.755

INFERENCE_NPZ_FILE = os.path.join(DATASET_FOLDER,756

"test_subset_10k.npz")757

758

• Script mode: Choose between two modes:759

– "FULL_EVALUATION": Loads inputs and reference targets, performs inference, com-760

putes evaluation metrics, and generates comparison plots.761

– "INFERENCE_ONLY": Loads only inputs, performs inference, and generates prediction762

plots (no ground truth required).763

SCRIPT_MODE = "FULL_EVALUATION" # By default764

765

• Inference and evaluation configuration:766

– INFERENCE_BATCH_SIZE: Sets the number of samples processed in parallel.767

– N_SAMPLES_TO_PLOT: Specifies how many samples to visualize.768

– RANDOM_SEED: Ensures reproducibility when selecting samples for plotting.769

INFERENCE_BATCH_SIZE = 10000 # By default770

N_SAMPLES_TO_PLOT = 20 # By default771

RANDOM_SEED = 42 # By default772

773

Presto is executed with the command: python infer_presto.py.774

Note: The inference script is designed for execution on a single GPU.775
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D.6 Model functions overview776

The Presto model code includes the following key functions and classes:777

• run_inference_pipeline: Runs the full inference workflow including scaling inputs,778

predicting with the model, and unscaling outputs. Returns predictions and timing informa-779

tion.780

• load_metadata: Loads model architecture metadata from a JSON file.781

• load_scalers: Loads pre-fitted input and output scalers used for data normalization.782

• load_combined_model: Builds and loads the combined MLP and decoder model from783

configuration and safetensors weights.784

• load_inference_data: Loads the input features for inference from an NPZ dataset file.785

• load_reference_data: Loads optional reference target data for evaluation.786

• calculate_regression_metrics: Computes common regression metrics including787

MSE, RMSE, MAE, R2, and adjusted R2.788

• calculate_relative_metrics: Computes relative error metrics expressed as percent-789

ages of mean, range, and standard deviation.790

• MLP (class): Defines the multilayer perceptron architecture used for the main prediction task.791

• Autoencoder (class): Defines the autoencoder architecture used for decoding the MLP792

prediction.793

• plot_sample_comparisons: Generates plots comparing predicted vs. reference STE for794

selected samples.795

• plot_predictions_only: Generates plots showing predicted STE only.796

All functions and classes are fully documented in their respective source files with detailed argument797

descriptions, outputs, and internal documentation.798

D.7 Software environment used for the experiments799

The experiments were conducted using the following software versions: Python 3.12.7, CUDA 12.7,800

PyTorch 2.5.1, scikit-learn 1.5.1, and Optuna 4.3.0.801

E Limitations802

While this work demonstrates the potential of deep learning for high-dimensional regression in803

mechanical engineering, several limitations must be acknowledged. Firstly, the dataset used for804

training is derived entirely from low-fidelity physics-based simulations. These simulations are805

computationally efficient and capture the dominant physical behaviors with reasonable accuracy,806

which result in computations of the STE with satisfactory qualitative and quantitative accuracy.807

However, they are based on simplifying assumptions, such as simplified contact modeling, which can808

result in discrepancies when compared to high-fidelity methods such as finite element analysis [49]809

or experimental measurements [50].810

Secondly, while the proposed framework should be broadly applicable to any subfield of mechanical811

engineering where synthetic data can be generated efficiently, our evaluation is currently limited to812

gear mechanics. Gears were selected as a representative use case due to their ubiquity in mechanical813

systems and the statistical complexity of their design space. Nonetheless, validating the framework814

across a broader range of mechanical systems, particularly those governed by different physical815

principles, such as multiphysics systems, or data distributions, is an important direction for future816

work.817

Finally, hardware constraints restricted the scale and complexity of the network architectures explored.818

The models were trained on only two consumer-grade GPUs, which imposed tight limits on the819

depth, width, and batch sizes of candidate architectures. As a result, the final surrogate represents a820

compromise between predictive performance and memory/computational constraints. Future work821

using more powerful hardware could explore larger models, train on larger datasets and possibly even822

attempt to reach double descent [24], to improve performance further.823
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address problems of privacy and fairness.866
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• The proofs can either appear in the main paper or the supplemental material, but if883

they appear in the supplemental material, the authors are encouraged to provide a short884

proof sketch to provide intuition.885

• Inversely, any informal proof provided in the core of the paper should be complemented886

by formal proofs provided in appendix or supplemental material.887

• Theorems and Lemmas that the proof relies upon should be properly referenced.888

4. Experimental result reproducibility889

Question: Does the paper fully disclose all the information needed to reproduce the main ex-890

perimental results of the paper to the extent that it affects the main claims and/or conclusions891

of the paper (regardless of whether the code and data are provided or not)?892

Answer: [Yes]893
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appropriate to the research performed.912

• While NeurIPS does not require releasing code, the conference does require all submis-913

sions to provide some reasonable avenue for reproducibility, which may depend on the914

nature of the contribution. For example915
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to reproduce that algorithm.917
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13. New assets1107
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• The paper should discuss whether and how consent was obtained from people whose1122

asset is used.1123
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Justification: The paper does not involve any crowdsourcing, human subjects, or data1131
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• Including this information in the supplemental material is fine, but if the main contribu-1137
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or other labor should be paid at least the minimum wage in the country of the data1141

collector.1142

15. Institutional review board (IRB) approvals or equivalent for research with human1143

subjects1144

Question: Does the paper describe potential risks incurred by study participants, whether1145

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1146
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